Abstract. The discharge voltage of air gap is an important factor to determine the level of external insulation. In this paper, in order to study the influence of atmosphere condition on the discharge voltage, an automatic discharge device has been developed to monitor the discharging experiment of sphere-sphere electrodes and record the atmosphere condition and the discharge voltage. This paper discusses the application of back-propogation neural network (BPNN) in the prediction of discharge voltage. The result indicates that it is feasible and the average relative error is 1.8%. When the BPNN based on data of one monitoring sites is used to predict the discharge voltage of other regions, the average relative error will be greater but the error is still under acceptable limits.
Introduction
The external insulation of power system is insulated by air and its interface. The discharge voltage of air gap is a crucial factor deciding the external insulation level. According to the discharging theory, atmospheric temperature, humidity, pressure, wind speed and other factors will affect the air density, collision ionization, the mean free path, and the adsorption process, resulting in the difference of the discharge voltage of air gap [1] [2] [3] . There are numerous experimental studies about the impacts of air density, humidity and other atmospheric parameters on the discharge voltage world widely. However, almost all the studies are based on the experiments conducted in labs [4] [5] [6] [7] . In this paper, based on a large number of discharge voltage monitored by an automatic discharge device installed in nature environment, the influences of various atmospheric parameters on the discharge voltage are studied. Artificial neural network (ANN) provides a feasible solution to this problem. ANN has been widely used in the field of electric power [8] [9] [10] . But there are few ANN applications in discharge characteristics of power equipments, especially in the discharge characteristics of the air gap. In this paper, based on a large number of discharge data monitored by an automatic discharge device installed in nature environment, an ANN is established to build the accurate relationship between atmospheric parameters and discharge voltage of the air gap. The conclusions of this paper can provide guidance for the choice of external insulation level of electrical equipment and provide basis for safety.
Automatic Monitoring of Discharge Voltage
Automatic Discharge Device 8 automatic discharge devices(as shown in Fig.1 ) are installed in Guangzhou, China, which is highly moist in spring, to monitor the discharge voltage of air gap and meteorological parameters, such as humidity, temperature, air pressure, illumination, wind speed and etc.. The device is composed by the step-up transformer, discharge module, air quality monitoring camera, meteorological measurement devices, signal process and control system, GPRS modules, monitoring host (termination computer). Discharge electrodes are copper hemisphere, with the ball radius of 35mm and the air gap of 20mm, as shown in Figure 1 . It is a slightly inhomogeneous electric field. The voltage of the discharge device is automatically raised every 10 minutes until the air gap is breakdown [11] , the discharge voltage of the air gap and the temperature, relative humidity, air pressure, wind speed, illumination, and other atmospheric parameters are recorded. The discharge voltage of air gap is monitored from January 1st, 2017 to September 30th, 2017. 
Overall Trend of Monitoring Data
During the monitoring period of nine months, the ambient temperature, relative humidity, wind speed, illumination, and discharge voltage change greatly, while air pressure change relatively small due to the unchanged location. The distribution of discharge voltage in this monitoring spot from January to September is shown in Tab.1. In monitoring site #1, 22473 discharges were monitored within 9 months, the maximum discharge voltage was 75.87kV, the minimum one was 24.39kV and the normal value was about 62kV, as shown in Fig. 2 , in which the red dot is discharge voltage, the blue and pink one is corresponding humidity and temperature. Exceptionally, there exists the circumstance that the discharge voltage is significantly low (reduced by 60% of normal value at worst and marked by black frame). The distinct declines of discharge voltage usually occur under high humidity. The reason caused this distinct decline of discharge voltage is the dew condensed on the electrode surface. The atmospheric condition of condensation is rather low in temperature, high in humidity, and with a wind speed less than 4m/s and illumination less than 4 W/dm2. 
Prediction of Discharge Voltage
In this paper we use ANN to do a predictive analysis excluding the condensation data.
Back-propogation Neural Network
Back-propogation neural network (BPNN) was a typical feed-forward neural network. BPNN forward passed the results through the network structure used the training function to reverse modify weights matrix and thresholds, completed the training model of sample dataset, and then used the completed training model to predict the test dataset [13] . It can be used to model complex relationships between inputs and outputs or to find patterns in data. In essence, a neural network can be viewed as a function that maps input vectors to output vectors. A structure of BPNN is shown in Fig.3 , where X is the input matrix, Y is the output matrix, 1 W and 2 W are weights matrix, ( ) f x is the activation function of the hidden layer. Eq.1 and Eq.2 are the BPNN computing formulas. The knowledge is presented by the interconnection weight, which is adjusted during the learning stage. In this paper, we chose Levenberg-Marquardt (L-M) algorithm as the learning algorithm of BPNN to search the best weights matrix and thresholds of BPNN. L-M algorithm is a combining algorithm by gradient descent training method and Gauss-Newton method. Compared with the traditional BP algorithm, the convergence speed has improved greatly. And it is proven that the LM algorithm can guarantee the convergence towards the global optimum. In L-M algorithm, the weight is adjusted as follows. 
Where J is the gradient matrix for weights which is a Jacobian matrix, e is the error matrix, µ is an adaptive scalar. 
Prediction of Discharge Voltage
In order to make the data more suitable for the learning stage of BPNN, the data is normalized according to Eq. 4.
Where x and X are the data before normalized and after normalized of a certain parameter, respectively. min x and max x are the minimum and the maximum of the data of such parameter, respectively.
In monitoring site #1, there are 22474 sets of monitoring data been recorded from Jan.1st to Sep.30th in 2017. For the amount of data is too large for the learning stage, once the data are all used to train the BPNN, the convergence time will be too long or worse the BPNN will not converge. Thus, 4196 sets of data are picked out randomly as the training sample, and 210 sets of data are picked out randomly as the checking sample. Training goal, learning efficiency and max training time is set at 0.001, 0.05 and 5000, respectively. Five atmospheric parameters which are temperature, relative humidity, air pressure, wind speed and illumination are taken as the input of BPNN. Discharge voltage is taken as the output of BPNN. Therefore the respective numbers of input neurons and output neurons are 5 and 1.
The number of hidden layers and the number of neurons in hidden layer is relatively hard to determine. So far, there is no verdict theoretical method to provide guidance for determining such parameters of BPNN. The common way is the trial-and-error method, which is we first use the training sample data to train the BPNN, and then the checking sample is used to test the generalization ability of BPNN, and last we determine the parameters in hidden layers according the generalization error [14] . Through many times of adjustments, the number of hidden layers is set at 2 and the number of neurons in hidden layer is set at 35. The structure and performance parameters are listed as Tab.2, in which TE is stand for training error and GE is stand for generalization error. The network met the training error after 1h and 7mins.Checking sample data were used to test the trained network. Results showed that the maximum relative error is 6.89%, the minimum relative error is 0.00% and the average relative error is 1.80%.The discharge voltage in checking sample data and the predicted discharge voltage are compared. It is concluded that under non-condensation conditions, the discharge voltage prediction using BPNN is feasible with a high precision.
In order to test if the BPNN built based on the data recorded in monitoring site #1 is suitable for the prediction in other sites, 100 sets of data are respectively picked out from the other seven sites to test the BPNN. Results are shown in Tab.3. It can be seen from Tab.3, when the BPNN trained by data of one monitoring site is used to predict the discharge voltage of other regions, the average relative errors will be greater but still acceptable. Consequently, when this prediction method is used in practical engineering applications with a high precision requirement, it's better to use the local atmospheric data. When just a rough estimate is needed, it's acceptable to substitute the data recorded in the region nearby for the local data.
Conclusion
In this paper, 8 automatic discharge devices are used to monitor the discharging experiments. After one year's discharge monitoring and according to BPNN prediction, the following conclusions have been got: There exists the circumstance that the discharge voltage is significantly lower (reduced by 60% of normal value at worst) during the monitoring period. The atmospheric condition is rather low in temperature, high in humidity, and with a wind speed less than 4m/s and illumination less than 4 W/dm2. Excluding condensation data, the method using BPNN to predict the accurate discharge voltage is proposed in this paper. The result indicates that it is feasible and the average relative error is 1.8%. When BPNN is trained by the local data and used to predict the discharge voltage of the same region, the average relative error of prediction is 1.8%. However, when BPNN trained by data of one monitoring sites is used to predict the discharge voltage in other regions, the average relative error will be greater but still acceptable.
